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ABSTRACT
Understanding the galaxy-halo connection is fundamental for contemporary models of
galaxy clustering. The extent to which the haloes’ assembly history and environment
impact galaxy clustering (a.k.a. galaxy assembly bias; GAB), remains a complex and
challenging problem. Using a semi-analytic galaxy formation model, we study the in-
dividual contributions of different secondary halo properties to the GAB signal. These
are obtained by comparing the clustering of stellar-mass selected samples to that of
shuffled samples where the galaxies are randomly reassigned to haloes of fixed mass
and a specified secondary halo property. We explore a large range of internal halo
properties and environmental measures. We find that commonly-used properties like
the halo age or concentration amount to only 20-30% of the signal, while the smoothed
matter density or the tidal anisotropy can explain the full level of GAB (though care
should be given to the specific definition). For the “successful” measures, we examine
the occupancy variations and the associated changes in the halo occupation function
parameters. These are used to create mock catalogues which reproduce the full level
of GAB. Finally, we propose a practical modification of the standard halo occupa-
tion distribution model, which can be tuned to any level of assembly bias. Fitting
the parameters to our semi-analytic model, we demonstrate that the corresponding
mock catalogue recovers the target level of GAB as well as the occupancy variations.
Our results enable producing realistic mock catalogues and directly inform theoretical
modelling of assembly bias and attempts to detect it in the Universe.
Key words: cosmology: theory – dark matter – galaxies: formation – galaxies: haloes
– galaxies: statistics – large-scale structure of Universe
1 INTRODUCTION
In the standard picture of hierarchical structure formation,
galaxies reside in dark matter haloes (White & Rees 1978).
The formation and evolution of the haloes are dominated
by gravity, while the formation of the galaxies and their re-
lation to the dark matter haloes are more complex and de-
pend on the detailed physical processes. Galaxy clustering is
a fundamental observable that can be used to constrain both
cosmological parameters and galaxy formation physics. It is
crucial to have a detailed understanding of the connection
between galaxies and their host haloes (see Wechsler & Tin-
ker 2018 for a review), if we are to optimally use galaxies as
a cosmological probe. This is particularly essential with the
advent of large galaxy surveys aimed at measuring galaxy
clustering with unparalleled accuracy.
As the basis for galaxy clustering, halo clustering can be
modelled by analytical theory and N-body simulations that
? E-mail: xiaoju.xu@case.edu
† E-mail: idit.zehavi@case.edu
trace the formation and evolution of dark matter haloes un-
der the gravitational influence (see Cooray & Sheth 2002
for a review). In traditional analytical models, dark mat-
ter halo clustering is modelled as a function of halo mass
(Press & Schechter 1974; Bond et al. 1991; Sheth & Tor-
men 1999; Sheth et al. 2001; Tinker et al. 2008b). However,
with the help of high resolution cosmological N-body sim-
ulations (Springel et al. 2005; Prada et al. 2012), numer-
ous studies have shown that halo clustering depends also
on properties related to the assembly history of the haloes,
such as formation time or concentration (e.g., Gao et al.
2005; Wechsler et al. 2006; Gao & White 2007; Sato-Polito
et al. 2018), as well as the tidal environment of the haloes
(Paranjape et al. 2018a; Ramakrishnan et al. 2019; Mans-
field & Kravtsov 2020). The dependence of halo clustering on
properties beyond halo mass has commonly been referred to
as halo assembly bias (HAB hereafter). For example, haloes
that formed earlier, or with higher concentration, cluster
more strongly than late-formed or low concentration haloes
of the same mass. Haloes in higher density regions or with
stronger tidal anisotropy also have higher bias than the ones
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in lower density regions or lower tidal anisotropy. Although
it is difficult, efforts have been made to incorporate such
secondary effects on halo bias into analytical models (Dalal
et al. 2008; Shi & Sheth 2018).
Beyond halo clustering, the halo occupation function,
which describes the average number of galaxies of a given
type as a function of halo mass, is a key component in de-
termining galaxy clustering. In particular, it provides the
basis for the Halo Occupation Distribution (HOD) frame-
work (e.g., Peacock & Smith 2000; Scoccimarro et al. 2001;
Berlind & Weinberg 2002; Zheng et al. 2005; Zheng & Wein-
berg 2007), which characterizes the galaxy-halo connection
statistically at the level of individual haloes. This approach
has been very powerful in explaining the shape of the galaxy
correlation function, its evolution, and dependence on galaxy
properties (e.g., Zehavi et al. 2004, 2005, 2011; Zheng et al.
2007; Coupon et al. 2012; Contreras et al. 2017). It has also
become a very popular tool for populating haloes in large
simulations in order to produce realistic mock catalogues
(e.g., Manera et al. 2015; Zheng & Guo 2016; Smith et al.
2017; DeRose et al. 2019), increasingly important for the
planning and analysis of galaxy surveys.
In the standard HOD approach, or in Conditional Lumi-
nosity Function modelling (van den Bosch et al. 2003, 2013;
Yang et al. 2003, 2008), the halo occupation function is con-
sidered to depend on only halo mass. However, if galaxy
properties closely correlate with the halo formation history,
we expect the galaxy content of haloes to also depend on the
secondary halo properties, leading to a dependence on the
large-scale environment and consequently impacting galaxy
clustering. Such occupancy variations (OV hereafter) have
been explored in detail in both semi-analytic galaxy for-
mation models and hydrodynamical simulations (Zhu et al.
2006; Zehavi et al. 2018, 2019; Artale et al. 2018; Contr-
eras et al. 2019; Bose et al. 2019), finding distinct variations
with halo formation time and concentration, and more sub-
tle features with environment. Montero-Dorta et al. (2020)
and Xu & Zheng (2020) furthermore study the explicit cor-
relation of galaxy properties with halo properties in such
galaxy formation models. Neglecting these effects can have
direct implications for interpreting galaxy clustering using
the HOD framework (Pujol & Gaztanaga 2014; Zentner et
al. 2014; Lange et al. 2019). To mitigate that, some studies
aim to generalise the HOD to incorporate the dependence
on secondary halo properties or environment (e.g., Paran-
jape et al. 2015; Hearin et al. 2016; McEwen & Weinberg
2018). Attempts have also been made to absorb the sec-
ondary effects with primary halo properties other than halo
mass (Dragomir et al. 2018; Zehavi et al. 2019), with mixed
results.
The combined effect of HAB and the OV lead to a po-
tential change of the amplitude of galaxy clustering on large
scales. This imprint of assembly bias on the galaxy distri-
bution is broadly referred to as galaxy assembly bias (GAB
henceforth). It has commonly been explored in simulations
by comparing the large-scale correlation function of a speci-
fied galaxy sample to that of a shuffled galaxy sample, where
the galaxies are randomly reassigned among haloes of the
same mass (e.g., Croton et al. 2007; Zu et al. 2008; Chaves-
Montero et al. 2016). The shuffling eliminates the connec-
tion between galaxies and any secondary halo property, ef-
fectively removing the OV. While HAB and OV both depend
on the specific secondary property studied, the GAB signa-
ture is the full (net) effect resulting from all secondary prop-
erties combined. For HAB, it has proven quite challenging
to derive a specific parameter or combination thereof that
captures all of the measured trends (e.g., Mao et al. 2018;
Villarreal et al. 2017; Xu & Zheng 2018; Salcedo et al. 2018;
Han et al. 2019). While many assembly bias studies focus
on halo age and concentration as the main properties, other
studies stress the key role played by environment (McEwen
& Weinberg 2018; Shi & Sheth 2018; Han et al. 2019) and
recent claims suggest that tidal anisotropy is a primary indi-
cator of assembly bias (Ramakrishnan et al. 2019; Mansfield
& Kravtsov 2020).
In what follows, we extend the shuffling methodology
to systematically explore the individual contributions to
GAB. We use here the Guo et al. (2011) semi-analytic
galaxy formation model applied to the Millennium simula-
tion (Springel et al. 2005), and analyse stellar-mass selected
galaxy samples corresponding to different number densities.
We build on the work of Croton et al. (2007) who investi-
gated the effects of halo age and concentration on GAB. We
expand on this work and examine a large variety of internal
halo properties as well as environmental and tidal anisotropy
measures. Interestingly, we find that most of the secondary
halo properties produce only a small fraction of the GAB
signal, while environmental and tidal anisotropy measures
are better able to “capture” the full effect. We investigate
the OV and the changes in the standard HOD parameters,
and utilise them to produce mock catalogues which incorpo-
rate the GAB effect. Our results are comparable to those of
Hadzhiyska et al. (2020) who study the impact of secondary
halo and environment properties on GAB in Illustris TNG
hydrodynamical simulation (Nelson et al. 2019), using an
abundance-matching inspired method, where the GAB con-
tained in a secondary property is boosted to the maximum.
In addition to elucidating the individual contributions of dif-
ferent halo and environmental properties to the GAB signal,
we also explore the possibility of modifying the traditional
HOD model using the most important secondary properties.
We propose a 7-parameter HOD model, in a similar spirit of
some recent studies (McEwen & Weinberg 2018; Wibking et
al. 2019; Salcedo et al. 2020), which can be extremely useful
for incorporating assembly bias into mock catalogues.
Though GAB has been studied extensively in different
galaxy formation models and simulations, it is difficult to
infer it directly from observations, and there is no clear con-
sensus on its existence in the real Universe. Some detections
have been suggested (Cooper et al. 2010; Wang et al. 2013;
Hearin et al. 2015; Miyatake et al. 2016; Montero-Dorta et
al. 2017; Ferreras et al. 2019; Obuljen et al. 2020) while oth-
ers indicate the impact of assembly bias to be small (Abbas
& Sheth 2006; Blanton & Berlind 2007; Tinker et al. 2008a;
Lin et al. 2016; Zu & Mandelbaum 2016; Walsh & Tinker
2019) and that previous claims were plagued by systemat-
ics (e.g., Campbell et al. 2015; Zu et al. 2017; Sin et al.
2017; Tinker et al. 2017; Lacerna et al. 2018; Sunayama &
More 2019). An important upcoming application is to use
our modified HOD to determine the level of assembly bias
in the Universe.
The structure of the paper is organized as follows: In § 2,
the N-body simulation and semi-analytic galaxy formation
model are introduced, as well as the halo and environment
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properties used in this work. In § 3, we present the result of
GAB dependence on secondary properties. We show the oc-
cupancy variation caused by specific environment properties
in § 4, and build mock catalogues based on the occupancy
variation and 5-parameter HOD. In § 5, we present a modi-
fied 7-parameter HOD which incorporates assembly bias and
construct mock catalogues based on it. We conclude in § 6.
Appendix A presents additional results relating to the tidal
anisotropy, and Appendix B includes more results of our
modified HOD.
2 SIMULATED DATA
2.1 Numerical simulation and galaxy formation
model
We employ in this work the Millennium simulation. The Mil-
lennium simulation (Springel et al. 2005) is a dark matter
only N-body simulation of 21603 dark matter particles of
mass 8.6 × 108 h−1 M. The simulated volume is a periodic
comoving box of 500 h−1Mpc on aside. The simulation was
run using GADGET-2 (Springel et al. 2005) from z = 127
to z = 0, and outputs 64 snapshots at different redshifts.
The simulation assumes a ΛCDM cosmology for which the
parameters are Ωm = 0.25, Ωb = 0.045, h = 0.73, σ8 = 0.9,
and ns=1. At each snapshot, the haloes are identified using
a friends-of-friends algorithm (Davis et al. 1985) for struc-
tures above 20 particles. The subhaloes and the merger trees
are constructed with the SUBFIND algorithm (Springel et al.
2001), which are later used to populate the simulation with
galaxies. The large volume of this simulation allows us to
have good statistics for our analyses, and to robustly mea-
sure galaxy clustering on large scales. The high resolution
allows us to also reliably explore the galaxy-halo connection.
We build our galaxy catalogues using the semi-analytic
model of Guo et al. (2011). Semi-analytic models (SAMs)
aim to follow the main physical processes involved in galaxy
formation and evolution in a cosmological framework. These
processes include prescriptions for star formation, gas cool-
ing, supernovae and active galactic nuclei feedback, chem-
ical evolution and galaxy mergers. The SAMs use the
merger trees from N-body simulations or an extended Press-
Schechter formalism as a basis to form and evolve the galax-
ies. This has become a popular technique to study galaxy
formation for its capacity to track galaxies in very large cos-
mological volumes (up to a few Gpc3) with relatively low
computational power and high predictive power (e.g. Hen-
riques et al. 2015; Stevens et al. 2018; Lacey et al. 2016;
Croton et al. 2016; Lagos et al. 2018). For more extended
reviews on SAMs, see Baugh (2006) and Benson (2006).
The Guo et al. (2011) model is a flavour of L-Galaxies,
the semi-analytic code from the Munich group (Springel et
al. 2001; De Lucia et al. 2004; Croton et al. 2006; Bertone
et al. 2007; Guo et al. 2013; Henriques et al. 2020). The
model is calibrated by fitting to observational data, such
as the stellar mass function and luminosity function at low
redshift, as well as the relation between black hole mass and
bulge mass. The outputs of the models are publicly avail-
able in the Millennium database webpage1 via SQL proto-
1 http://gavo.mpa-garching.mpg.de/Millennium/
col. We chose this particular SAM and dark matter sim-
ulation because of the number of related works done with
this simulation (e.g. Gao et al. 2005; Gao & White 2007;
Croton et al. 2007; Li et al. 2008; Zehavi et al. 2018) and
the large amount of available properties for the haloes, sub-
haloes and the environment of the simulation. We focus here
on three galaxy samples with different number densities,
ranked by the stellar mass of the galaxies. The three num-
ber densities are n1 = 0.00316 h3 Mpc−3, n2 = 0.01 h3 Mpc−3,
and n3 = 0.0316 h3 Mpc−3, which correspond to stellar-mass
thresholds of 3.88 × 1010 h−1 M, 1.42 × 1010 h−1 M, and
0.185 × 1010 h−1 M, respectively. The samples are approx-
imately evenly spaced in logarithmic number density, and
follow the choices made in Zehavi et al. (2018).
2.2 Halo properties and environmental measures
In this work, we investigate the individual impact of differ-
ent secondary properties on GAB. The secondary properties
used can be separated into two categories, internal halo
properties and “external” measures of the environment of
the haloes. The internal halo properties we utilise are:
(1) a0.5, the scale factor at which the halo reaches for the
first time half of its current mass. This is commonly referred
to as the halo age or formation time;
(2) c, halo concentration parameter. We use the definition
of c = Vmax/Vvir, where Vmax is the maximum circular ve-
locity of the halo and Vvir is the virial velocity (e.g., Bullock
et al. 2001);
(3) j, the specific angular momentum of halo, i.e. the ratio
of total angular momentum to the halo mass;
(4) Vmax, the maximum circular velocity of the halo
(5) Vpeak, the peak value of Vmax over the halo’s accretion
history;
(6) avpeak, the cosmic scale factor when Vmax(avpeak) =
Vpeak;
(7) afirst, the scale factor of the first major merger on the
main branch of the halo merger tree. We define a major
merger when the mass ratio of two progenitors is larger than
1/3;
(8) alast, the scale factor of the last major merger on the
main branch of the halo merger tree;
(9) nsub, the total number of subhaloes associated with the
halo as identified by SUBFIND;
(10) nsat, the total number of satellite galaxies residing in the
halo as assigned by the SAM.
The external environment measures we consider include the
following categories:
(1) δ1.25/δ2.5/δ5/δ10, the dark matter density smoothed
with a Gaussian filter with a smoothing scale of 1.25, 2.5, 5,
and 10 h−1 Mpc, respectively. The smoothing is done by first
measuring the counts-in-cell dark matter particle density on
a 2563 grid, and then multiplying with a Gaussian kernel in
Fourier space. The Millennium data provides these values at
grid points in the simulation volume, and we perform a 3D
interpolation between these points to obtain the density at
the position of each halo;
(2) αn,R, the tidal anisotropy measured with a Gaussian
MNRAS 000, 1–23 (2020)
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smoothing scale R. The potential field φ is obtained by solv-
ing the Poisson equation ∇2φ = −4piGρ, from which we cal-
culate the tidal tensor Ti j =
∂2φ
∂x2i ∂x
2
j
. The tidal anisotropy
parameter (Paranjape et al. 2018a; Alam et al. 2019) is de-
fined as
αn,R ≡
√
q2
R
/(1 + δR)n , (1)
where the tidal torque q2R is
q2R =
1
2
[(λ3 − λ2)2 + (λ3 − λ1)2 + (λ2 − λ1)2] , (2)
with λ1,λ2,λ3 the eigenvalues of the tidal tensor (Heavens &
Peacock 1988; Catelan & Theuns 1996). The tidal anisotropy
is typically measured numerically from the density field, but
it can also be calculated analytically (Paranjape 2020). For
the normalisation power n, we focus on n=1, 0.55, and 0.3,
as discussed below;
(3) αtype, the cosmic web type defined by the number of pos-
itive eigenvalues of the tidal tensor, characterizing a void,
sheet, filament and node environments, corresponding to
zero, one, two, and three positive eigenvalues, respectively
(Hahn et al. 2007);
(4) r10, the minimum value of the ratio of the distance to
nearby massive haloes, more massive than 10 times that of
the halo considered, and their virial radius. This variable
is inversely proportional to the cube root of the tidal force
produced, and thus is a simplistic measure of the largest
tidal force imparted by a neighboring halo.
3 IMPACT OF SECONDARY PROPERTIES
ON GAB
3.1 Shuffling methodology
To study the impact of assembly bias on galaxy clustering
in simulated datasets, it is standard practice to compare the
correlation function of the original sample with that of a
shuffled galaxy sample, where the galaxy content of haloes
is randomly reassigned among haloes of the same mass (Cro-
ton et al. 2007). In the first stage we follow this methodology
in order to measure the total amount of GAB in our sam-
ples. More specifically, we shuffle the central galaxies among
haloes of the same mass bin. The satellite galaxies are moved
together with their original central galaxy maintaining the
same relative distribution, and thus preserving the same one-
halo contribution to the correlation function. The halo mass
bin we adopt is 0.1 dex below log[Mh/( h−1 M)] = 14.6, and
0.2 dex and 0.6 dex for the following two bins (due to the
paucity of high-mass haloes). By virtue of the random reas-
signment, the galaxy content of any give halo may shift to
either a halo that was previously occupied by galaxies in the
sample or to a halo of that mass that was previously unoc-
cupied. (The central galaxy is placed at the position of the
former occupant or at the location of the most bound par-
ticle in the halo, in the latter case.) The shuffling procedure
effectively removes the connection of the galaxy population
to the assembly history of the haloes, and eliminates the de-
pendence on any secondary properties other than halo mass.
The left panel of Fig. 1 shows the results of such a
shuffling procedure applied to the 0.01 h3 Mpc−3 sample. The
top panel shows the clustering of the original galaxy sample
(black solid line) while the black dashed line is the clustering
of the shuffled-by-mass sample. The black line in the bottom
panel plots the ratio of these two correlation functions, rep-
resenting the total level of GAB in this sample. (We will
discuss the additional measurement represented by the blue
line in §3.2 below.) The uncertainty on this measurement,
estimated from 10 different shuffled samples (denoted by the
shaded region), is negligible over most of the range and only
noticeable at the largest separations. On small scales, the
clustering of the shuffled sample remains the same as the
original one, since the contribution of galaxy pairs in the
one-halo regime is unchanged. The impact of GAB is clearly
seen on large scales, where the clustering amplitude of the
original shuffled is about 15% above that of the shuffled sam-
ple. As explained in Zehavi et al. (2018), this increased clus-
tering arises from the combined effect of halo assembly bias
and the occupancy variations. For example, for halo age,
such a tendency arises from the preferential occupation of
older haloes, at any fixed halo mass, which in turn exhibit
stronger clustering.
In what follows, we set out to investigate the specific
contributions to this GAB signal from the individual sec-
ondary properties. Following Croton et al. (2007), we ex-
tend the shuffling methodology in order to examine the role
of different halo/environment properties. This is achieved
by performing a doubly shuffled sample, where we randomly
reassign the galaxies to haloes of the same mass and an
additional specified halo property. Shuffling in this manner
removes all assembly bias effects other than those associ-
ated with this chosen property. Comparing the clustering of
this new shuffled sample to that of the mass-only shuffled
sample and the clustering of the original sample will clearly
indicate the importance of that parameter. For example, in
the oversimplified case that GAB is solely due to one halo
parameter, shuffling while holding that parameter and mass
fixed will result in no difference to the clustering relative
to the original one. Conversely, if this halo property has no
bearing on GAB, the resulting clustering will be the same
as the mass-only shuffling case. Typically, the resulting clus-
tering level will be somewhere between these two extremes,
indicating the level of GAB imparted by this property. Note
that such an analysis does not take into account the cor-
relations between different secondary properties. Rather, it
informs in a clear and direct way the individual contribution
of each secondary property to GAB.
All the two-point correlation functions are calculated
using Corrfunc (Sinha & Garrison 2019, 2020), which is a
fast tool to measure clustering statistics, using the program-
ming language C with a Python interface.
3.2 Internal halo properties
The bulk of assembly bias studies have focused on studying
the impact of halo properties such as formation time, con-
centration, spin, substructure and others on the clustering
of haloes (e.g., Wechsler et al. 2006; Gao & White 2007; Fal-
tenbacher & White 2010). More recently, their impact on the
halo occupation has also been explored (Zehavi et al. 2018;
Artale et al. 2018; Contreras et al. 2019; Bose et al. 2019).
In this section, we study the “percolation” of these assem-
bly bias effects to the clustering of galaxies. We explore the
MNRAS 000, 1–23 (2020)
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Figure 1. Auto-correlation functions for the galaxy sample with number density n = 0.01h3 Mpc−3, exhibiting the impact of galaxy
assembly bias. Left: top panel shows the correlation function of the original galaxy sample ξo (black solid line), the shuffled-by-mass
sample ξsh(Mh) (black dashed line), and the sample obtained by shuffling while fixing both mass and halo age ξsh(Mh,a0.5) (blue solid line).
In the bottom panel, the black solid shows the ratio ξo/ξsh(Mh) which presents the full GAB in the SAM. The blue solid is the ratio of
ξsh(Mh,a0.5)/ξsh(Mh) which is the GAB attributed to halo age (see text). A ratio of 1 is indicated by the dotted line. Also marked is the
corresponding value of fAB, indicating the fraction of the full GAB that can be recovered by the secondary property (here halo age).
Right: the same as the bottom panel on the left-hand side, but now for all internal halo properties considered, namely the GAB contained
by the secondary properties. In addition to a0.5, these include c, j, Vmax, Vpeak, avpeak, afirst, alast, nsub, and nsat.
direct impact of the secondary halo properties on the GAB
signature.
These secondary halo properties often correlate with
halo mass, and their range of values varies by large amounts
at different halo masses. Using bins of actual values of the
secondary property will thus limit the sample that can be
used for the shuffling. Instead, for each secondary property
considered, we first rank the haloes by this property in nar-
row (0.1 dex) bins of halo mass. In each mass bin, we shuffle
the galaxies according to their ranked secondary property in
bins of 10 percentile. The result is a combined shuffling in
bins of fixed mass and fixed (rank of) secondary property.
Finally, we calculate the correlation function of the doubly-
shuffled galaxy sample and compare it to the clustering of
the original sample and that of the mass-only shuffled sam-
ple. For clarity of presentation, we mostly plot the ratio of
the correlation function of the doubly-shuffled sample to that
of the mass-only shuffled one.
Returning to Fig. 1, the left panel shows the clustering
results for the galaxy sample shuffled by both mass and our
measure of halo age a0.5 (blue lines). The top panel compares
the correlation function for this sample to that of the original
SAM galaxy sample and the mass-only shuffled one. On the
bottom panel, the black line is again the ratio of the original
to mass-only shuffled clustering, manifesting the full GAB.
The blue line in the bottom panel denotes the ratio of the
clustering of the sample shuffled by mass and a0.5 to the
clustering of the sample shuffled only by mass. This measure
reflects the amount of GAB which can be explained by this
additional halo property. As discussed in §3.1, the closer this
(blue) line is to the full GAB (black) line, the more of GAB is
produced by this secondary property. We quantify this using
a simple measure of the fraction of the total GAB that can
be attributed to a secondary property x:
fAB = 〈 (ξsh(Mh,x)/ξsh(Mh) − 1)/(ξo/ξsh(Mh) − 1) 〉 , (3)
where the averaging is done over large scales (r ∼ 5 −
38h−1Mpc). Interestingly, for a0.5 the resulting fraction is
fAB = 0.26, namely only 26% of the full GAB can be ex-
plained by halo age.
The right-hand side of Fig. 1 shows the clustering ratios
for all the internal halo properties we consider, listed in §2.2.
We see that a0.5, concentration, Vmax and Vpeak, individually,
each account for only about 20% of the total GAB, while the
specific angular momentum has an even lower contribution.
Among all the internal properties, the number of substruc-
MNRAS 000, 1–23 (2020)
6 X. Xu et al.
log(r/h−1Mpc)
0.9
1.0
1.1
1.2
1.3
ξ/
ξ s
h
(M
h
)
n = 0.00316 h3Mpc−3a0.5
c
j
Vmax
Vpeak
−1.0 −0.5 0.0 0.5 1.0 1.5
log(r/h−1Mpc)
0.9
1.0
1.1
1.2
1.3
ξ/
ξ s
h
(M
h
)
n = 0.0316 h3Mpc−3a0.5
c
j
Vmax
Vpeak
Figure 2. The same as the top right panel of Fig. 1, but for the
number density samples corresponding to n = 0.00316h3 Mpc−3
and n = 0.0316h3 Mpc−3.
tures and the (highly correlated to it) number of satellites
appear to contribute the most at about 30%. Again, we cau-
tion the reader that these properties are largely correlated
with each other, and that these values reflect the individual
fractions associated with each property, and should by no
means be added up as independent values. It appears that
none of these internal halo properties can account for the
majority of the assembly bias, and as such none provide the
full information needed for precise modelling of the large-
scale clustering of galaxies.
Fig. 2 presents these clustering ratios for the two other
number density samples we consider. We show here the five
properties included in the top right panel of Fig. 1. The
levels of GAB captured by these properties vary slightly with
number density, generally decreasing with increased number
density (lower stellar mass threshold). However, the general
trends and relative importance of these properties remain
the same overall. A similar picture is obtained for the other
five parameters (not shown). Our conclusions thus appear
robust to the number density of the sample. The fAB values
for all ten internal halo properties we consider and for the
three number density samples are listed in the left-most part
of Table 1. Again, these are calculated according to Eq. 3
and represent the fraction of GAB encaptured by each given
property.
Our results are consistent with previous studies that in-
dicated that single halo internal properties contribute only
a small fraction of the measured GAB. Using a similar shuf-
fling test, based on an older SAM applied to the Millen-
nium simulation, Croton et al. (2007) demonstrated that
neither formation redshift nor concentration encodes suffi-
cient information to account for GAB. Our findings verify
their earlier result and extend it to a wide range of halo
properties. In a recent work, Hadzhiyska et al. (2020) use
an abundance-matching inspired methodology to maximally
reassign galaxies to haloes according to secondary properties
using the IllustrisTNG hydrodynamical simulation (Nelson
et al. 2019). Similarly, they find that properties like age, con-
centration or spin impart only a small change to the level of
clustering on large scales.
3.3 Environmental properties
The environment of the haloes, often measured as the dark
matter density field smoothed on a given scale, strongly im-
pacts halo clustering. For example, in excursion set theory
(Bond et al. 1991), it is more likely to form a halo of spe-
cific mass in a denser background where it is easier to reach
the collapse threshold, and thus a higher halo bias in those
regions. Besides the early works on assembly bias which fo-
cused on the dependence of halo clustering on internal halo
properties, recent studies show that different environmental
measures, such as the matter density field, cosmic web type,
and tidal anisotropy have a major role in HAB (e.g., Han et
al. 2019; Ramakrishnan et al. 2019). Measured galaxy clus-
tering also strongly depends on these parameters, however
most of this dependence can be explained using mass-only
HOD models indicating the effect on galaxy properties to be
small (Abbas & Sheth 2005, 2006; Paranjape et al. 2018b;
Alam et al. 2019). Moreover, when examining the occupancy
variations, the large-scale environment introduces a much
weaker dependence in the HOD relative to that of inter-
nal halo properties like halo formation time (Mehta 2014;
McEwen & Weinberg 2018; Zehavi et al. 2018; Artale et al.
2018). Despite the weak environment OV, the halo clustering
dependence on density (and tidal anisotropy) is strong, such
that galaxy clustering may still be largely affected. Here we
investigate the contribution of different measures of the en-
vironment to the full GAB signature, using the same double-
shuffling methodology.
Fig. 3 shows the clustering measurements when shuffling
by both halo mass and an additional environment parame-
ter, using a variety of different estimators. The results are
shown relative to the clustering of the mass-only shuffled
sample, in a similar manner to that in Fig. 1. Again we first
focus on the stellar-mass threshold sample corresponding to
a number density of 0.01 h3 Mpc−3. The top panel on the left-
hand side of Fig. 3 presents the results for smoothed density
fields obtained from the distribution of dark matter particles
in the simulation using different Gaussian smoothing scales,
ranging from 1.25 to 10 h−1 Mpc (δ1.25/2.5/5/10).
The coloured solid curves show the GAB recovered
by doubly-shuffled samples at fixed mass and the different
smoothed densities, and the black solid line with the shaded
region still shows the full GAB level in the original SAM
sample for comparison. All of the densities considered re-
cover ∼100% of the full GAB or higher on large scales, and
the GAB level increases with smoothing scale. This is in
stark contrast to the internal halo properties case. Among
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Table 1. The fraction fAB of the total GAB accounted for by the different secondary properties we consider, computed using Eq. 3.
All internal halo properties and environmental measures utilised are listed, and we quote the fAB values for the three number densities
samples, n1 = 0.00316h3 Mpc−3, n2 = 0.01h3 Mpc−3, and n3 = 0.0316h3 Mpc−3.
halo prop fAB(n1) fAB(n2) fAB(n3) halo prop fAB(n1) fAB(n2) fAB(n3) halo prop fAB(n1) fAB(n2) fAB(n3)
a0.5 0.23 0.26 0.20 δ1.25 0.74 0.88 0.98 α0.3,1.25 0.90 1.02 1.03
c 0.28 0.21 0.09 δ2.5 1.08 1.27 1.32 α0.3,2.5 0.61 0.73 0.72
j 0.05 0.05 0.06 δ5 1.30 1.41 1.44 α0.3,5 0.29 0.39 0.35
Vmax 0.29 0.19 0.12 δ10 1.20 1.32 1.31 α0.3,10 0.04 0.05 0.09
Vpeak 0.23 0.20 0.23 α1,1.25 0.13 0.06 -0.06 α0.55,1.25 0.72 0.71 0.62
avpeak 0.08 0.07 0.04 α1,2.5 -0.15 -0.15 -0.12 α0.55,2.5 0.25 0.28 0.20
afirst -0.05 0.01 0.01 α1,5 -0.04 -0.02 0.02 α0.55,5 0.04 0.02 0.01
alast 0.09 0.05 0.05 α1,10 0.12 0.15 0.21 α0.55,10 0.01 -0.03 -0.02
nsub 0.39 0.32 0.31 αtype(1.25) 0.03 -0.01 0.12 r10 0.31 0.43 0.47
nsat 0.34 0.29 0.24 αtype(2.5) -0.04 0.09 0.21
αtype(5) 0.33 0.47 0.56
αtype(10) 0.62 0.73 0.75
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Figure 3. Same as the right panel of Fig. 1, but now the second properties are the various environmental measures, including: δ1.25/2.5/5/10
and r10 (top left), α1,1.25/2.5/5/10 (middle left), αtype(1.25/2.5/5/10) (bottom left), α0.3,1.25/2.5/5/10 (top right) and α0.55,1.25/2.5/5/10 (bottom
right).
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the smoothing scales, δ1.25 has the closest GAB level to that
of the SAM on the relevant scales (with fAB ∼ 0.9 for this
sample). In other words, shuffling while holding δ1.25 and
halo mass fixed results in close to the same level of cluster-
ing as that of the original sample. Note that this doesn’t
necessarily imply that δ1.25 is the sole dominant factor in
producing GAB. In fact, we will show that another defini-
tion of environment, such as α0.3,1.25 (see below), can also
reproduce the full GAB signal.
Regarding the higher than 100% GAB signal obtained
for the densities with larger smoothing scales, we see that
holding these properties fixed results in stronger clustering.
This implies that in the original sample the galaxies are
not assigned to haloes according to δ2.5/5/10 in a tight rela-
tion. So when reassigning galaxies while fixing halo mass and
δ2.5/5/10 the clustering increases. Taking another point of
view, shuffling at fixed δ1.25 perhaps reproduces the original
clustering since it contains information from both the larger
scales (outside a halo) and the internal smaller scales, while
shuffling at fixed density on larger scales may ignore informa-
tion from some internal or environmental properties which
can suppress the clustering and have a negative contribu-
tion to the GAB signal. The results for the large smoothing
scales also seem directly related to the somewhat “unnatu-
ral” carving out of regions of that size. This is seen clearly in
the top panel of fig. 1 of Zehavi et al. (2018), which shows the
distribution of haloes in a slice from the simulation colour
coded by δ5. This is also the reason that the scale at which
the maximum GAB is obtained corresponds directly to the
smoothing scale.
Before proceeding to investigate the tidal anisotropy,
we first examine a simply defined environment property r10,
which is a measure of the tidal force from a nearby mas-
sive neighbour that impacts the halo in consideration the
most (see § 2.2). This measure is shown as the green solid
line in the top-left panel of Fig. 3. We see that it does less
well than the smoothed density measures, but in fact, with
fAB = 0.43, attributes more than the internal properties pre-
viously shown. Table 1 lists the fractional values for all the
environmental parameters as well, in the middle and right
sides of the Table.
The results shown thus far regarding the importance
of the environmental properties are based on the galaxy
sample with number density of n2 = 0.01 h3 Mpc−3. We do
the same analysis for the other two number density sam-
ples and report the results in Fig. 4 and Table 1. Fig. 4
shows GAB level caused by δ1.25/2.5/5/10 and r10 (the same
as those in the top left panel of Fig. 3) for density threshold
n1 = 0.00316 h3 Mpc−3 and n3 = 0.0316 h3 Mpc−3. The general
behaviours are the same for all number densities. Interest-
ingly, the GAB fractions for the environmental properties
tend to increase with number density, opposite to the trend
for the internal properties. Most strikingly, for all samples,
the contribution to GAB from the densities are much higher
than that of the halo internal properties.
There is increasing evidence that the tidal anisotropy is
a key factor in determining HAB (Paranjape et al. 2018a;
Ramakrishnan et al. 2019; Mansfield & Kravtsov 2020). Here
we would like to explore whether the tidal anisotropy and
related measures like the cosmic web type are also determin-
ing factors for GAB. Our definition of the tidal anisotropy
parameter α (Eq. 1) allows to vary the normalisation power,
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Figure 4. Same as the top-left panel of Fig. 3, but for the
two other number density samples, n = 0.00316h3 Mpc−3 and
n = 0.0316h3 Mpc−3.
however we start with α1, following Paranjape et al. (2018a)
and Ramakrishnan et al. (2019).
The middle panel of the left-hand side of Fig. 3 shows
the GAB level recovered when shuffling by both halo mass
and this tidal anisotropy parameter, for our four smoothing
scales. We find that this parameter contributes a very small
(or even negative) fraction to the GAB of the original sam-
ple. Namely, the tidal anisotropy parameter defined in this
manner has very little impact on the clustering and in a cou-
ple of the cases even tends to reduce it slightly. We caution
that our smallest smoothing scale (1.25 h−1 Mpc Gaussian,
roughly corresponding to a ∼ √5 × 1.25 top-hat smoothing),
is larger for most haloes than the adaptive top-hat smooth-
ing scale of 4R200 used by Paranjape et al. (2018a). We find
that HAB shows different dependencies on α1 measured for
different fixed scales (see Appendix A), and as such an adap-
tive scale of R = 4R200 may still be important for GAB (R.
Sheth and A. Paranjape, private communication). We ex-
plore alternate definitions of the tidal anisotropy parameter
shortly below.
In the bottom panel of the left column of Fig. 3, we
consider the GAB levels associated with cosmic web type
measured from the sign of the eigenvalues of the tidal ten-
sor, classifying the large-scale structure to different environ-
ments. Instead of shuffling at fixed mass and fixed rank of
the secondary property, we shuffle galaxies in haloes of the
same mass and within the same broad category of nodes,
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filaments, sheets and voids. Again, we use the four differ-
ent smoothing scales to calculate the tidal tensor and ob-
tain αtype(1.25/2.5/5/10). We find that the GAB level increases
with the smoothing scale, such that while αtype(1.25) is essen-
tially unrelated to it, αtype(10) attributes ∼73% of the GAB
signature on large scales. This fAB value translates to a ra-
tio of 0.96 between the correlation function at fixed mass
and cosmic web type and the original correlation function of
the SAM galaxy sample, in general agreement with a similar
analysis performed by Hadzhiyska et al. (2020) using Illus-
trisTNG. Remaining differences may be attributed to their
modified cosmic web type definition and the smoothing ap-
plied.
Motivated by the relative importance of the cosmic-web
type environment, we set to explore whether a modification
of the normalisation power n of the tidal anisotropy param-
eter (Eq. 1) may prove more useful. Other works (Paranjape
et al. 2018a; Alam et al. 2019) experimented with this aim-
ing to have a minimum correlation with δR. Here we try
different values of n, but instead aim to reproduce GAB. In
the right-hand side of Fig. 3, we present GAB level associ-
ated to a couple different such values. The top panel shows
our most successful case with a normalisation power of 0.3,
still plotting α0.3,1.25/2.5/5/10 for our four different smoothing
scales, and the bottom panels shows the results for n = 0.55,
the value adopted by Alam et al. (2019). In both cases, the
GAB level decreases with increasing smoothing scale, op-
posite to the cosmic-web case and also that of δ. For the
normalisation power of n = 0.55, the highest level of GAB
is obtained by α0.55,1.25, capturing ∼70% of the total signal,
while for n = 0.3, α0.3,1.25 reproduces ∼100% of the full GAB!
It appears that the tidal anisotropy can potentially be
utilised for describing GAB, though care must be given to
the exact definition and smoothing scale used. We note that,
as defined, α0.3,1.25 does depend on the mass density δ1.25,
however it clearly includes additional aspects of the envi-
ronment captured by the tidal shear. Table 1 includes as
well the fAB values for all the tides-related properties, also
for the two other number densities (not shown). The relative
fractions of the GAB associated with the different properties
depend somewhat on the stellar mass threshold (or number
density) of the samples, but in general δ1.25 and α0.3,1.25
remain the most important properties that can recover the
full level of GAB. In Section 5 we will use both properties
to model GAB.
4 OCCUPANCY VARIATIONS, HOD
PARAMETERS AND MOCK CATALOGUES
Having determined that both the density measured with
1.25 h−1 Mpc Gaussian smoothing, δ1.25, and the tidal
anisotropy parameter, α0.3,1.25, can best recover the full level
of GAB, we proceed to examine their occupancy variations
and the related secondary trends in the stellar mass-halo
mass relation. We then obtain HOD parametric fits, and
demonstrate their usefulness in producing mock catalogues
that incorporate the correct level of assembly bias.
4.1 Occupancy variation with environment
As previously mentioned, GAB is the combined effect of the
halo clustering dependence on secondary variables (namely
HAB) and the variations of the galaxy occupation of haloes
with these parameters (namely, the occupancy variations, or
OV). In order to gain a better physical insight on using δ1.25
or α0.3,1.25 to describe GAB, we start by exploring their halo
occupation and OV.
The fundamental statistic we utilise here is the halo
occupation function, i.e the average number of galaxies as
a function of halo mass. The solid black curves in Fig. 5
(the same in both panels) show this function for the n =
0.01 h3 Mpc−3 galaxy sample, measured directly from the
SAM galaxy and halo catalogues. The dotted and dashed
black curves show separately the contribution to the halo
occupation from central galaxies and satellites, respectively.
The occupation of central galaxies is similar to a smoothed
step function, in which haloes gradually transition to host-
ing a central galaxy above a certain halo mass. The satellite
occupation roughly follows a power low above a certain halo
mass threshold.
The standard HOD considers only the dependence of
the halo occupation on halo mass. The dependence of this
occupation function on secondary properties opens the way
to assembly bias effects on galaxy clustering. Zehavi et al.
(2018) discussed in detail the connection of OV to assembly
bias and examined the OV with halo age and environment.
They showed that at fixed halo mass, early-formed haloes
are more likely to host a central galaxy and have fewer satel-
lites galaxies above a stellar-mass threshold. Contreras et al.
2019 extended this to higher redshifts and examines as well
the OV with halo concentration. Zehavi et al. (2018) also
investigated the environmental effects on the HOD using δ5
with the same simulation and SAM used here, finding subtle
but distinct trends, such that haloes in dense environments
start hosting central galaxies at lower halo mass, and have
more satellites at fixed halo mass.
We extend their study by considering different smooth-
ing scales of the density field, as well as the tidal anisotropy
variables discussed in § 3.3. To the best of our knowledge,
this is the first study of the OV with tidal anisotropy. Fig. 5
shows the dependence of the HOD on δ1.25 (left) α0.3,1.25
(right) for the n = 0.01 h3 Mpc−3 sample. As before, we rank
the haloes according to the environmental property in fixed
fine bins of halo mass. The red curves denote the occupation
functions for galaxies in the 10% of haloes with the highest
environment measure, while the blue curves are the occu-
pation function for galaxies in the 10% of haloes with the
lowest environment parameter. Dotted and dashed curves
again correspond to central galaxies and satellites, respec-
tively.
We find similar, but slightly stronger, trends of OV for
δ1.25 relative to that shown in Zehavi et al. (2018) for δ5, as
to be expected for the smaller smoothing length. The right-
hand side of Fig. 5 shows the OV for α0.3,1.25. We find that
haloes with higher α0.3,1.25 (more anisotropic regions) begin
to host central galaxies at lower halo mass, and have more
satellite at a fixed halo mass. More anisotropic regions cor-
respond to nodes or filaments, while low anisotropy regions
correspond to voids (see Appendix A for more details). It is
expected that haloes in strong tidal anisotropy regions tend
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Figure 5. Occupancy variations for δ1.25 (left) and α0.3,1.25 (right) for the n = 0.01h3 Mpc−3 sample. The average number of galaxies as
a function of halo mass is shown as the solid lines. The central galaxies and satellites occupations are shown as dotted and dashed lines,
respectively. The occupation function for the full galaxy sample is shown in black, for galaxies in the 10% of haloes with the highest
values of the environmental property in red, and for galaxies in the 10% of haloes with the lowest values in blue.
to host more galaxies, since the density is also higher in
those regions. The amplitude of the α0.3,1.25 OV is, however,
weaker than that of δ1.25.
In Appendix A we present the OV with δ and α0.3 for
the four smoothing lengths available to us, and confirm that
the level of deviations decreases with increasing smooth-
ing scale for both parameters. We also find, for any given
smoothing scale, weaker OV with α0.3 than with δ. For the
two largest smoothing scales, in fact, the tidal anisotropy
OV is nearly negligible. For completeness, we also investi-
gate in Appendix A the OV dependence of α1 for the differ-
ent smoothing scales. Interestingly, we find an opposite trend
relative to that of δ and α0.3,1.25, such that there is a prefer-
ence for hosting centrals in low (more isotropic) α1 regions.
This may arise from a reverse correlation with δ, namely
that high α1 corresponds to underdense regions, which is
reflected as well in a reverse HAB trend seen for the large
smoothing scales. Taken together, these trends explain the
GAB results shown in the middle-left panel of Fig. 3.
The origin of the central galaxies OV can be understood
by examining the secondary trends in the stellar mass-halo
mass relation for the central galaxies (Zehavi et al. 2018). In
Fig. 6, we show the stellar mass-halo mass relation for cen-
tral galaxies colour-coded by δ1.25 (left) or α0.3,1.25 (right),
for a randomly chosen sample which contains 0.1% of the
SAM sample. The central galaxies’ stellar mass increases
as a function of halo mass, with a steeper relation below
5 × 1011 h−1 M and a shallower slope above that. At fixed
halo mass, the scatter in the stellar mass is not random but
rather correlated with the secondary halo or environment
properties in such a way that early-formed haloes or haloes
in denser regions tend to host more massive central (Zehavi
et al. 2018; Xu & Zheng 2020).
The trends for environmental properties are much
weaker (or saying it another way, there is more scatter in
these secondary trends for environmental properties) than
those for the halo internal properties. To see this trend more
clearly, we show in red (blue) solid line the median value
of M∗ of the haloes with the highest (lowest) 10% envi-
ronmental property at fixed halo mass. From these we in-
deed see that haloes in the highest density or highest tidal
anisotropy regions tend to host slightly more massive cen-
trals than those in the most underdense or lowest tidal
anisotropy regions, at fixed halo mass. This implies that
for any stellar-mass threshold used to define a galaxy sam-
ple (e.g., 1.42× 1010 h−1 M for our fiducial sample) galaxies
preferentially occupy the haloes in the denser regions, pro-
ducing the occupancy variations. The trend is the same for
α0.3,1.25 but with an even smaller difference between upper
and lower 10% lines, consistent with the smaller centrals OV
for it.
Overall, the occupancy variations and the secondary
trends in the stellar mass-halo mass relation for the envi-
ronmental properties are smaller compared to that of halo
age and concentration, but it is in fact this small trend cou-
pled with the large HAB that account for essentially all of
the GAB. To further verify this, we proceed to build mock
catalogues based on δ, α0.3, and concentration later in this
section and compare the GAB level in them with that of the
original sample.
4.2 HOD parameters
To better characterise the OV of environmental properties,
it is also helpful to adopt a specific parametrization of the
shape of the halo occupation function and investigate the
dependence of the HOD parameters on the environmental
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Figure 6. The stellar mass-halo mass relation for central galaxies in the n = 0.01h3 Mpc−3 sample and its environmental dependence.
For clarity we plot a representative (randomly chosen) 0.1% of the galaxies. Galaxies are colour-coded by the on δ1.25 (left) and α0.3,1.25
(right), colour coded by the value of δ1.25 (left) and α0.3,1.25 (right). The solid red (blue) lines represents the median value of M∗, in each
mass bin, for the 10% of the haloes that have the highest (lowest) δ1.25 or α0.3,1.25.
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Figure 7. Fitted HOD parameters as function of δ1.25. The panel on the left shows the HODs for different subsets of the n = 0.01h3 Mpc−3
galaxy sample. The dots are the measured halo occupations shown separately for centrals and satellites, while the curves show the best-fits
of the 5-parameter HOD model. Red, blue, and black represent the 10% of haloes with the highest δ1.25, the lowest δ1.25, and the full
sample, respectively. The panels on the right-hand side are the fitting results of the 5 individual parameters, shown as a function of the
environment rank from 0 to 100. I.e, the green dots with error bars are the parameters inferred for each ranked 10% subset of δ1.25.
The green lines are spline fits between the parameter values, and the black lines with the shaded area are the ones inferred from the full
sample. In addition to the 5 parameters, we show (as a 6th panel) the commonly used M1/Mmin parameter.
properties. For simplicity, we choose to focus here on the
dependence on δ1.25, and we relegate α0.3,1.25 to Appendix B.
For this purpose, we adopt the commonly used 5-
parameter HOD model which is motivated by galaxy for-
mation physics (Zheng et al. 2005). In this HOD model, the
average number of central and satellites in a halo of mass
Mh can be written as:
〈Ncen(Mh)〉 =
1
2
[
1 + erf
(
logMh + logMmin
σlogM
)]
(4)
and
〈Nsat(Mh)〉 =
(
Mh − Mcut
M∗
)α
. (5)
Mmin is the characteristic halo mass for hosting a central
galaxy, specifically set here as the halo mass for which on
average half of the haloes are occupied. σlogM is a scale
parameter indicating the width of the transition in the cen-
tral occupation, and reflects the scatter between stellar mass
and halo mass. Mcut is the halo mass threshold above which
the halo can host satellites, and M∗ measures the difference
in halo mass that increases the number of satellites from
0 to 1. Another satellite parameter often used in literature
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is M1 = Mcut + M∗, which characterises the mass of haloes
that host one satellite galaxy on average. The final HOD
parameter is α (not to be confused with the tidal anisotropy
αn,R), the slope of the power-law for the satellites occupa-
tion. The total occupation function is then specified by these
5 parameters and expressed as the sum of these two terms:
〈N(Mh)〉 = 〈Ncen(Mh)〉 + 〈Nsat(Mh)〉 (6)
Another useful parameter in this context is the ratio of the
two characteristic masses for hosting satellites and centrals,
M1/Mmin, which we plot as well below.
In Fig. 7 we examine how these six parameters vary with
environment, as measured by δ1.25, for the n = 0.01 h3 Mpc−3
galaxy sample. The black dots in the left panel are the mea-
sured halo occupation functions for centrals and satellites in
the sample (the same as the black dotted and dashed curves
in Fig. 5). We fit the 5-parameter model to the halo occupa-
tion function treating the centrals and satellites separately
(solid curves). Following the choices made by Contreras et
al. (2017) and Zehavi et al. (2018), the fits assume equal
weight to all measurements and use only mass bins with
〈N(Mh)〉 > 0.01. We also neglect the most massive bin of
∼ 1015M which contains only a few haloes. We assign er-
ror bars by satisfying χ2/d.o.f. = 1. We note that it is hard
to fit well the turn-over of the centrals occupation around
〈N(Mh)〉 = 1. The specific parameter values are shown as the
black horizontal lines in the small panels on the right-hand
side.
To study the dependence of HOD on the environment,
we fit the 5-parameter HOD for each individual 10% subsam-
ple of the ranked environment property. The HODs for just
the two extreme subsets, corresponding to the 10% highest
and lowest ranked δ1.25, are shown as well on the left side
of Fig. 7 in red and blue, respectively. The dots are again
the occupation function calculated directly for the galaxies
in these subsets of haloes, and the coloured solid lines are
the HOD best fits. It is interesting to note that the satellites
occupation exhibits a slightly curved shape (and not a pure
power law), particularly noticeable for the upper 10% δ1.25.
Fig. 7 also shows the best-fit values of the individual HOD
parameters, for each ranked 10% subset. These are repre-
sented by the green points with error bars in the small panels
on the right-hand side, reflecting the variation of the HOD
parameters with ranked δ1.25. The green curve is a spline fit
to these points. We clarify that the two HODs shown on the
left-hand side of the figure for the lowest and highest 10% of
δ1.25 correspond to the left-most and right-most parameter
values, respectively, in each small panel.
We see that the parameters’ dependence on environ-
ment is complex. While the slope α stays roughly constant,
all other parameters vary to some degree. Of particular note
is the large variation in the M1/Mmin ratio, which decreases
with increasing density. In more detail, for the centrals occu-
pation parameters, logMmin depends weakly on δ1.25 for low
densities and then varies for higher densities. We can con-
sider logMmin to broadly be decreasing with density, which
is consistent with the overall trend that haloes in denser
regions start hosting centrals at lower halo mass. The scat-
ter σlogM in general slightly increases with density, which
implies a “softer” transition from unoccupied to occupied
haloes. There is some interplay between these two param-
eters, such that to first order the change with density can
be described by either one (see § 5 below). The dependence
of the satellite mass parameters on environment is relatively
more distinct. Both M1 and Mcut show a clear decrease with
increasing δ1.25, which agrees with the OV observed. We
note that the decreasing trend in both these parameters is
similar in amplitude and slope. Again, the satellites power-
law slope parameter α experiences a very weak dependence
on δ1.25. While both of Mmin and M1 decrease with δ1.25, the
latter trend is more pronounced, resulting in the significant
decrease of the M1/Mmin ratio with δ1.25.
Our results above for the dependence of the HOD pa-
rameters on δ1.25 are consistent with those found in Zehavi
et al. (2018) for δ5 (their fig. 7), once accounting for the dif-
ferent smoothing scale. We also extend this investigation to
the tidal anisotropy property α0.3,1.25 in Appendix A, and
find that the parameter dependencies are similar, but with
a smaller amplitude.
4.3 Mock catalogues with GAB
In § 3.3 we determined that the halo environment, such as
that measured by δ1.25, can capture the bulk of the GAB
signature. Building on the OV and HOD fits for the envi-
ronment dependence investigated in § 4.2, we now proceed to
produce mock catalogues which mimic realistic GAB. We do
this by populating haloes with models which include the en-
vironmental dependence and test their ability to reproduce
the GAB signal. We first create mock catalogues according
to a simple interpolation scheme which incorporates the OV
of a given secondary property. We also construct mock cat-
alogues based on the inferred HOD parameters. The aim
and importance of this is to demonstrate that indeed these
properties can capture and produce the full level of GAB.
For illustrative purposes, we also do the same with halo con-
centration, c, which fails in reproducing the bulk of the GAB
signature.
We begin with mock catalogues that utilise directly
the measurements of the OV in the different subsamples of
ranked environment property and interpolate between them
to obtain the HOD for any ranked value. The advantage
of such mocks is that they are free from any assumption re-
garding the HOD shape. Assuming a parameterised form for
the occupation function, while convenient and captures the
essential features, carries its own limitations by virtue of the
restricted shape of the halo occupation function. As we saw
in § 4.2, certain aspects of the occupation functions deviate
from this restricted shape, which might introduce uncertain-
ties into any mock catalogue based on this form. Hence, we
begin our investigation with a parameter-free interpolation
method.
For the “interpolation mocks”, we start with the OVs of
the secondary property which we have measured in ranked
bins of 10%. Again, we use directly the occupation func-
tions measurements and the HOD parametrization is not
assumed. The number of galaxies inside any given halo is de-
termined by interpolating the occupation numbers between
two adjacent ranked bins of secondary property according
to the rank of the halo in consideration. The detailed steps
of creating the interpolating mock catalogue are as follows:
(i) Split haloes in each mass bin into 20 smaller bins ac-
cording to the rank of secondary property x, such as 0%-5%,
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5%-10%, and so on. Measure 〈Ncen(Mh, x)〉 and 〈Nsat(Mh, x)〉
in these rank bins, and consider them as the centrals and
satellite occupations for haloes with x rank of 2.5%, 7.5%,
etc. (i.e., the center of the rank bins);
(ii) For a given halo, obtain the specific rank of x in its
halo mass bin. Then interpolate between the adjoining bins
to calculate 〈Ncen(Mh, x)〉 and 〈Nsat(Mh, x)〉 for the specific
rank of the halo;
(iii) Add Bernoulli scatter to 〈Ncen(Mh, x)〉 and Poisson
scatter to 〈Nsat(Mh, x)〉 to obtain the actual central occupa-
tion Ncen(Mh, x) and the number of satellites Nsat(Mh, x) in
the halo;
(iv) If Ncen(Mh, x)=1, put the central galaxy at the centre
of the halo (ie. the location of the most bound particle) and
set the satellites according to step below. If Ncen(Mh, x)=0,
we also set Nsat(Mh, x)=0;
(v) For Nsat(Mh, x)>0, assign the radial positions accord-
ing to an NFW profile (Navarro, Frenk & White 1996). To
produce an NFW profile for each halo, we adopt Eq. 20
in Klypin et al. (2016) to assign the concentration c accord-
ing to Vmax/Vvir. The angular positions of the satellites with
respect to the central galaxy are assigned randomly. We cau-
tion the reader that as the satellite galaxies in the SAM do
not follow exactly an NFW profile, the small-scale cluster-
ing will vary somewhat (Jimenez et al. 2019), however that
does not impact the assembly bias effects measured on large
scales.
We proceed to create such mock catalogues based on
α0.3,1.25, δ1.25, δ5, and the concentration parameter c, and
measure the GAB level incorporated in each by measuring
the ratio of the correlation function of the mock galaxy sam-
ple to that of a mass-only shuffled mock sample. The left-
hand side Fig. 8 shows our results for the n = 0.01 h3 Mpc−3
galaxy samples in the interpolation mock catalogues. The
solid blue lines are the GAB level in the mocks based on
the different properties, while the solid black lines (identi-
cal in all panels) are the “expected” GAB level measured in
the original SAM galaxy sample. For comparison, we also
mark (as dotted blue lines) the corresponding amounts of
GAB associated with these specific secondary properties as
estimated in § 3.
We find, for all secondary properties examined, that the
GAB level on large scales in the interpolation mock cata-
logues (solid blue lines) is consistent with the amount of
GAB associated with the same secondary property in SAM
(dotted blue lines). This is to be expected, but is still an
important proof of concept that one can take individual sec-
ondary properties, create a mock catalogue incorporating
their OV and recover their respective level of GAB. For δ1.25
and α0.3,1.25, the GAB in the mock catalogue is at the same
level as the full GAB in the SAM (black solid line). Hence,
using these properties, one can in fact incorporate the cor-
rect full level of GAB into synthetic galaxy catalogues.
We note that, for the δ1.25 case, the clustering in the
mock catalogue overestimates the shuffled result at the 1-
halo to 2-halo transition regime (∼ 2 h−1 Mpc). Such a“bump”
feature is also found (with differing amplitude) in other GAB
studies (e.g., Zehavi et al. 2018; Contreras et al. 2019, 2020).
It is likely related to differences in the satellites distribution
or the splashback galaxies in the outskirts of haloes impact-
ing this transition regime. While we are unsure of the exact
cause for it, we are mostly interested here in the clustering
on large scales (above ∼ 5 h−1 Mpc), and we do not expect it
to impact our conclusions regarding GAB.
We have included in this analysis also δ5, the dark
matter density measured with a larger 5 h−1 Mpc Gaussian
smoothing, as it is often considered to probe the large-scale
environment (e.g., Zehavi et al. 2018). In that case, the GAB
in the mock sample is somewhat higher than the full SAM
GAB, in accordance with the GAB produced in the shuf-
fling test examined in § 3 when holding halo mass and δ5
fixed. We will see later that this can still be “tuned down”
and utilised to produce realistic mock catalogues. In con-
trast, for concentration c, which only accounts for a small
fraction (∼20%) of the full SAM GAB, we see that the mock
catalogue based on it also reproduces only ∼20% of the full
GAB. These results explain the difficulties of using concen-
tration, or other internal halo properties for that matter,
to incorporate assembly bias into mock catalogues (e.g., S.
McLaughlin, in prep.; Hadzhiyska et al. 2020).
The second type of mock catalogues we consider is based
on the OV quantified in terms of the HOD parameters, in-
ferred from the environmental percentiles in § 4.2. We refer
to it hereafter as the 5-parameter HOD mock catalogues.
The basic idea is to obtain the specific five parameters of
the HOD for the environmental rank of the halo in consid-
eration by interpolating between the parameters of the per-
centile rank bins. The steps of creating this mock catalogue
for a secondary property x are the following:
(i) Split haloes in each mass bin into 10 smaller bins ac-
cording to the rank of secondary property x, such as 0%-10%,
10%-20%, and so on. Measure 〈Ncen(Mh, x)〉 and 〈Nsat(Mh, x)〉
in these rank bins;
(ii) Fit the 5-parameter HOD model to each of the
〈Ncen(Mh, x)〉 and 〈Nsat(Mh, x)〉 measurements to determine
the values of the HOD parameters, and consider them as
the parameters for haloes with x rank bins centred on 5%,
15%, etc.;
(iii) For a given halo, obtain the rank of x in its halo mass
bin. Calculate the five HOD parameters for this x rank by
interpolating the HOD parameter values between the values
of the adjoining bins. This provides the central and satellite
mean occupation for this halo using Eq. 4 and Eq. 5;
(iv) Follow the same final three steps as for the previous
kind of mock catalogue to add scatter to 〈Ncen(Mh, x)〉 and
〈Nsat(Mh, x)〉 and assign galaxies to the individual haloes.
We present the results for the 5-parameter HOD mock
catalogues in the right-hand side of Fig. 8, for the same
halo properties as the other set of mocks. We compare the
GAB measurements obtained for these mock samples (solid
blue lines) with the GAB measured in the original SAM
n = 0.01 h3 Mpc−3 galaxy sample (the same solid black line).
For α0.3,1.25 we essentially recover the same level of GAB
as in the original sample, and a nearly identical measure
as the one obtained from the double shuffling test (dotted
blue line). For δ1.25 and δ5, the recovery is similar to that
of the original sample, but there appears to be a small shift
in the amplitude of the recovered GAB relative to their ex-
pected level from the earlier shuffling test. The reason for
this offset is likely the restrictive shape assumed by this
HOD parametrization that doesn’t agree in detail when fit-
ting the individual rank bins. This results in the GAB level
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Figure 8. GAB levels of the interpolation mock catalogues (left) and the 5-parameter HOD mock catalogues (right). These mock
catalogues are based on α0.3,1.25, δ1.25, δ5, and concentration as described in the text. The black solid line, identical in all panels,
represents the total level of GAB in the original galaxy sample, calculated as the ratio of the galaxy correlation function to that of the
shuffled-by-mass galaxy sample. The blue solid line in each panel shows the level of GAB captured by the mock catalogues based on the
different halo/environment property, obtained in the same manner. Also shown, for reference, as dotted blue lines are the results of the
shuffling test for each of the individual properties used (these are the same as the respective coloured lines in Fig. 1 and Fig. 3).
lying slightly below the expected level for the δ1.25 case, and
for the predicted GAB in the δ5 case to now agree better
with the original full level of GAB. For the concentration,
the situation remains similar to that of the interpolation
mock catalogues, with the GAB recovered by it amounting
to only ∼20% of the full level. It is interesting to note that the
“bump” feature on intermediate scales is largely suppressed
in the 5-parameter HOD mocks.
With the results above, we find that the mock cata-
logues which incorporate the OVs directly or the HOD pa-
rameter dependence on the secondary property can generally
reproduce the same level of GAB as that associated with the
same property in the SAM. In particular, if this secondary
property is δ1.25 or α0.3,1.25, the resulting synthetic samples
have the same amount of GAB on large scales as that of the
original galaxy sample. In the section below, we propose a
simple modification of the traditional 5-parameter HOD to
incorporate the environmental dependence and produce the
proper level of GAB.
5 MODIFIED HOD BASED ON
ENVIRONMENT
The mock catalogues described in § 4.3, based on the vari-
ations with one environmental property, are generally suc-
cessful in incorporating the correct level of GAB. While they
serve as an important proof of concept, their application is
somewhat cumbersome and specific to the SAM in hand.
Motivated by their success, we now proceed with a simple
extension of the HOD model that incorporates the envi-
ronment dependence. The result is a modified HOD model
which is both practical and tunable to any GAB level.
5.1 Modified 7-parameter HOD model
The standard 5-parameter HOD (Zheng et al. 2005) is by
construction assembly-bias free, and thus does not capture
the more complex galaxy-halo connection resulting in GAB.
In Fig. 7 we have demonstrated the dependence of the 5
HOD parameters on environment as captured in the SAM.
Here we present an extension of the traditional HOD model
by taking a secondary property into consideration. Instead
of modifying the HOD parameters as a function of the ac-
tual value of the secondary property, we focus on the rank
of the secondary property. This allows us to probe the de-
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pendence across the whole halo mass range, factoring out
the correlation of halo mass with environment, and allows
for a simpler modelling. By shifting to rank values, we are
also less sensitive to the specific values and exact definition
of the environment. The secondary property can be any en-
vironmental property that can represent the correct level of
GAB, and we use δ1.25 as a detailed example. In Appendix B
we show the results for δ5 and α0.3,1.25 as well.
We first assign each halo a ranked value of δ1.25 between
0 and 1, in narrow bins of halo mass (these are the same val-
ues quoted as percentiles in Fig. 7). Relative to the median
value of 0.5, ranks above it correspond to overdense regions
and ranks below it represent underdense environments. Gen-
erally, all five standard HOD parameters (Eq. 4 and 5) may
depend on δ1.25 to different degrees, as can be seen in Fig. 7.
We start with the values of these parameters for the mass-
only HOD, and aim for the simplest modification that can
capture the main changes of these parameters and recover
the right level of GAB. To that effect we introduce two ad-
ditional parameters, Bcen and Bsat, that quantify the level of
OV present in the central and satellite occupations.
Given the fundamental role that Mmin and M1 have as
the two characteristic halo masses for hosting central galax-
ies and satellites, our proposed modification is as follows:
logMmin(δrank1.25) = logM0min + Bcen × [δrank1.25 − 0.5] (7)
and
logM1(δrank1.25) = logM01 + Bsat × [δrank1.25 − 0.5] . (8)
M0min and M
0
1 are the values of the standard mass-only HOD
parameters, which by definition are also the values for the
median δrank1.25. The sign of the assembly bias parameters,
Bcen and Bsat, signifies the sense of the trend with envi-
ronment, with a negative value corresponding to the mass
scales decreasing with increased δ1.25. The absolute values of
these parameters indicate the maximal range (in dex) over
which these logarithmic mass scales vary with environment.
A larger value corresponds to a larger OV and generally a
higher level of GAB.
For the centrals HOD parameters, we choose to mod-
ify Mmin, in response to the trend of galaxies preferentially
occupying haloes in dense environments, causing the shift
of the centrals occupation function toward lower halo mass.
As shown in Fig. 7, both Mmin and σlogM vary somewhat
with δ1.25, so in principle either of these parameters could
have been chosen (or both). However, we tested modifying
σlogM while holding Mmin fixed, and found that it can not
reproduce the centrals GAB in the SAM on its own. Ad-
ditionally, the observational constraints on σlogM are less
robust. Since we aim for a simple extension of the HOD
model with one additional central parameter, it is reason-
able to proceed with Mmin. With regard to the three satel-
lite parameters (Eq. 5), Mcut and M∗ change in a similar
manner with δ1.25, while the slope α remains nearly con-
stant (as also shown in Fig. 7). Equation 8 can be rewritten
as M1(δrank1.25) = M01 10Bsat[δ
rank
1.25−0.5], which effectively translates
to similar expressions for Mcut and M∗ with the same Bsat
coefficient:
logMcut(δrank1.25) = logM0cut + Bsat × [δrank1.25 − 0.5] , (9)
and
logM∗(δrank1.25) = logM∗0 + Bsat × [δrank1.25 − 0.5] . (10)
One can surely generalize this model to include changes to
the other parameters if needed. However, we show below
that these two assembly bias parameters are adequate to
describe the clustering properties of the SAM.
Other extensions of the HOD to incorporate assembly
bias have been proposed in the literature in recent years.
Paranjape et al. (2015) correlate galaxy colours to the halo
concentration, resulting in a tunable halo model of galac-
tic conformity. Hearin et al. (2016) present a more general
framework to incorporate a secondary dependence (often
the halo concentration) into the HOD. Yuan et al. (2018,
2020) employ a similar modification of the HOD, also using
the halo concentration in a step-wise manner. In a differ-
ent approach, more similar to ours, McEwen & Weinberg
(2018) extend the traditional HOD form to include parame-
ters based on the mass density environment. Based on their
analysis of the age-matching mock catalogues of Hearin &
Watson (2013), they vary only the central occupation func-
tion, such that logMmin and σlogM depend linearly on the
value of density field. Following this work, Wibking et al.
(2019) and Salcedo et al. (2020) utilise a model in which
Mmin is modified as a function of the large-scale environ-
ment, and the M1/Mmin ratio is either held fixed or allowed
to vary, determining the change in the satellite occupation.
While envisioned independently, our own work follows
the same spirit of these latter papers. Similarly to these
works, we use the ranked value of δ as a measure that can
be used across all halo masses. We choose to focus on a
smaller smoothing scale (1.25 h−1 Mpc Gaussian) because of
its success in reproducing the full level of GAB (with ei-
ther δ or α0.3, as shown in § 3.3), however, we also explore
this modelling with the larger 5 h−1 Mpc Gaussian smooth-
ing in Appendix B. In contrast with these works (McEwen
& Weinberg 2018; Wibking et al. 2019; Salcedo et al. 2020),
we model independently the variation of the satellites oc-
cupation with environment, given their distinct occupancy
variation and the significant dependence of M1/Mmin on en-
vironment as shown in Fig. 7. In what follows, we produce
mock catalogues using this 7-parameter HOD model and
confirm that it is able to capture the full level of GAB.
5.2 Mock catalogues with modified HOD model
We now proceed to create mock catalogues based on this
modified model, and fit the assembly bias parameters Bcen
and Bsat by comparing the resulting level of GAB to that
measured in the SAM catalogue. We first measure the clus-
tering of the central galaxies only in order to determine Bcen,
and then add satellites to obtain the value of Bsat from the
clustering of the full sample. Instead of a formal chi-square
fitting, we start with an initial guess of the parameters, cre-
ate the corresponding mock catalogue and compare the GAB
levels, adjust the parameter accordingly and repeat. The de-
tailed steps of fitting the additional parameters are as fol-
lows:
(i) Obtain the five standard HOD parameters Mmin,
σlogM , Mcut,M∗, and α from fitting to the halo occupation
function of the full sample. Assume an initial guess for Bcen;
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Figure 9. Halo occupation functions and corresponding parameters as a function of δ1.25 for the mock catalogue using the modified
7-parameter HOD representing the n = 0.01h3 Mpc−3 number density. Dots in all panels are the measurements from the SAM catalog,
the same as shown in Fig. 7. In the left-hand side, the black curves are the central and satellites occupation functions of the full galaxy
sample in the mock catalogue. The red and blue curves show the occupation functions for the mock galaxies in the 10% of haloes with
highest and lowest values of δ1.25, respectively. The green solid lines in the 6 small panels indicate the corresponding modified HOD
model, while the black solid represents the standard HOD parameters from the full SAM sample.
(ii) Rank the δ1.25 values in bins of halo mass, and asso-
ciate a rank value to each halo.
(iii) For each halo, use this rank to obtain the modified
central parameter logMmin(δrank1.25) for the initial Bcen accord-
ing to Eq. 7. Create a mock catalogue with only central
galaxies using the modified HOD parameter logMmin(δrank1.25)
and the unmodified parameter σlogM ;
(iv) Measure the clustering of the central galaxies and
that of the shuffled sample to obtain the centrals GAB signal
in the mock catalogue and compare to that of the SAM;
(v) If the centrals GAB level in the mock catalogue is
higher/lower than that of the SAM, then lower/increase the
absolute value of Bcen and repeat steps (iii) and (iv) until the
mock centrals GAB matches the SAM central GAB ( fAB ∼
1);
(vi) Proceed with an initial guess for Bsat. Calculate the
modified satellite parameters Mcut(δrank1.25) and M∗(δrank1.25) for
all haloes using Eq. 9 and 10;
(vii) Create a mock catalogue with central and satellite
galaxies using the Bcen determined in step (v) and the as-
sumed Bsat. The locations and scatter of the mock galaxies
are determined in the same manner as described in Sec-
tion 4.3.
(viii) Measure the GAB in the mock catalogue and com-
pare it to that of the SAM catalogue.
(ix) If the mock GAB is higher/lower than that of the
SAM, lower/increase the absolute value of Bsat and repeat
step (vii) and (viii), until the mock GAB matches the SAM
GAB.
Doing this process for the n = 0.01 h3 Mpc−3 galaxy sam-
ple, using the δ1.25 ranks, results in values of Bcen = −0.11
and Bsat = −0.25 for the assembly bias parameters. As ex-
pected, both these parameters have negative values, corre-
sponding to a decreased halo mass for larger densities. The
absolute value of Bsat is significantly larger than that of Bcen,
implying a stronger OV for the satellites, as can also be in-
ferred from Fig. 5.
Fig. 9 (left-hand side) shows the occupancy variations
in the mock sample corresponding to this model and the
change of the standard HOD parameters. On the left-hand
side we plot the central and satellites occupation functions
for the full galaxy sample in the mock (black curves), and
for the galaxies in the 10% of the haloes with the highest
(red) and lowest (blue) values of δ1.25. The dots are the
corresponding direct measurements in the SAM. We can see
that the bulk of the occupancy variations is captured by this
model. The remaining small differences between the mock
and SAM measurements are in fact at the same level of the
differences exhibited in the analogous panel of Fig. 7, where
each subset was fitted by the 5-parameter model separately.
Such differences are to be expected due to the constrained
shape of the HOD model. Thus the OV level of δ1.25 in the
mock sample is approximately the same as that in the SAM.
However, since this modified model only depends on δ1.25,
it is not able to reproduce the OV of other properties that
are not correlated tightly with δ1.25, like the concentration
and age.
The right-hand side of Fig. 9 shows the values of the in-
dividual standard HOD parameters and their variation with
δ1.25. The green dots are the values measured directly in the
SAM (identical to the ones shown in Fig. 7), while the green
lines show our modified 7-parameter model used in creating
the mock sample. As discussed above, the values of σlogM
and α remain fixed at the value obtained for the full sample,
while all other parameters depend linearly on the rank of
δ1.25. The slope is set by either Bcen (for logMmin) or Bsat
(for logMcut and logM1) as shown. We see that the modified
model follows the trend of the SAM reasonably well for the
satellite parameters, while the centrals variation is perhaps a
bit more refined, but still captured in essence by our model.
It is reassuring that the significant variation of M1/Mmin
MNRAS 000, 1–23 (2020)
Dissecting and Modelling Galaxy Assembly Bias 17
with environment (which is not modelled independently but
rather inferred) is reproduced well by our model. We exam-
ined these diagnostics for the other number density galaxy
samples as well, and find comparable agreement. In an anal-
ogous fashion, we also compute the modified 7-parameter
HOD models based on the variations with δ5 and α0.3,1.25,
and find similar results which are shown in Appendix B.
Finally, Fig. 10 presents the GAB levels of the mock
samples for the modified HOD models which match the
GAB in the SAM catalogue, shown here for the three galaxy
number densities considered. Specifically, the middle panel
shows the results for the n = 0.01 h3 Mpc−3 sample analysed
in Fig. 9. The values of the assembly bias parameters in
each case are labelled in the individual panels. The “bump”
feature appears here as well, likely due to differences in the
satellites distribution which affect the 1-halo to 2-halo tran-
sition regime. These, however, do not impact the level of
GAB measured on large scales. The fraction of the SAM
GAB reproduced, fAB, is marked in each figure. We see that
for all number density samples, our simple modified HOD
model is able to reproduce the full level of GAB. Additional
fine-tuning of the parameters may reach a value of fAB even
closer to unity, however, the randomness involved with the
shuffling mechanism (for both the mock samples and the
SAM catalogue), as well as the scatter around the mean oc-
cupation, limit the accuracy of the fitting. This makes our
measurements effectively indistinguishable from a full recov-
ery of the GAB signal.
Overall, we see that our proposed 7-parameter HOD
model encapsulates the environment dependence, such that
a mock catalogue based on this model is able to reproduce
the correct level of galaxy assembly bias. To recap, our modi-
fied model has seven free parameters (Mmin, σlogM , Mcut, M∗,
α, Bcen, and Bsat) which describe the occupation function of
central galaxies and satellites as a function of both halo mass
and environment. In this work, we determine the new assem-
bly bias parameters, Bcen and Bsat, by first obtaining the five
traditional parameters from the SAM and then setting them
to match the GAB level. Alternatively, one can also fit the
seven parameters simultaneously (in particular if the cor-
rect value of the standard five parameters is not known).
This model can be used to produce mock catalogues that
contain a specific level of GAB, matched to different galaxy
formation models, and also to examine the GAB level in
observational galaxy samples.
6 SUMMARY AND CONCLUSION
We investigate the importance of internal halo properties
and environmental measures to galaxy assembly bias, us-
ing fixed number density samples defined by stellar mass,
derived from the Guo et al. (2011) SAM galaxy formation
model implemented on the Millennium simulation. To mea-
sure the total amount of GAB in the SAM, we compute the
ratio of the correlation function of the original SAM sample
to that of a shuffled sample, where the galaxy content of
haloes is randomly reassigned to haloes of the same mass.
To assess the contribution of individual secondary proper-
ties, we perform a double shuffling, at fixed mass and fixed
secondary property, which effectively removes the impact of
all other properties. We then examine the ratio of the clus-
tering of this galaxy sample to that of the shuffled-by-mass
sample, and compare it to the full level of GAB in the SAM.
We find that the internal halo properties explain only a
small fraction of the full GAB. For example, the commonly-
used halo formation time and halo concentration contribute
only 26% and 21% of the signal, respectively, for the n =
0.01 h3 Mpc−3 number density sample. The highest fraction
is obtained for the number of subhaloes nsub inside a halo,
amounting to ∼30% of the full GAB. In contrast, environ-
mental properties prove to be more important for GAB. This
is perhaps not unexpected given that the correlation func-
tion and environment measure different aspects of clustering,
but it is still insightful to explore in detail. Matter densities
with different Gaussian smoothing scales reproduce ∼100%
(δ1.25) or above 100% (δ2.5/5/10) of the full GAB. Measures of
the tidal anisotropy play also an important role, but care has
to be taken as to the exact definition and smoothing scale.
The tidal anisotropy parameter α1,1.25/2.5/5/10 explains only
a few percent of the total GAB measurement, while a slightly
different definition of α0.3,1.25 can reach a level of ∼100%. We
conclude that both δ1.25 and α0.3,1.25 are the best environ-
mental properties recovering the full GAB in the SAM, and
thus can be used to create mock catalogues which include
the correct GAB level.
As GAB is the combined result of halo assembly bias
and the occupancy variations, we proceed to explore the
OV with δ1.25 and α0.3,1.25, which is helpful for creating
mock samples and modifying the traditional HOD model.
The OV with δ1.25 is similar to that of δ5 (Zehavi et al.
2018), such that haloes in denser regions tend to host cen-
tral galaxies (above a stellar mass threshold) at lower halo
mass, and have more satellites at fixed halo mass. The tidal
anisotropy α0.3,1.25 is correlated to δ1.25 and has similar OV
(while α1,1.25 shows an opposite trend). In order to study in
detail the dependence of the halo occupation on these en-
vironmental measures, we utilise the standard 5-parameter
HOD model and fit it to subsamples of the haloes grouped
by the rank of the secondary property. We show that all
HOD parameters vary with the environment to some de-
gree, perhaps with the exception of the power-law slope of
the satellites occupation. We proceed to build mock cata-
logues by both simply interpolating the OV measurements
for the different ranks of environment and by using the fit-
ted HOD parameters to these. For both methods, we find
that mock samples based on either δ1.25 or α0.3,1.25 repro-
duce ∼100% GAB level, while mock samples based on inter-
nal halo properties such as the concentration recover only a
small fraction, consistent with the fraction of the full GAB
associated with it.
Finally, we propose a modification of the standard 5-
parameter HOD form to incorporate the dependence on en-
vironment, by introducing two additional parameters which
describe the level of GAB in the centrals and satellites oc-
cupations. Our 7-parameter model assumes a linear depen-
dence of the logarithmic values of Mmin and M1, the char-
acteristic halo masses for hosting centrals and satellites, on
the rank of the environmental property. We focus on δ1.25
in this work, but any halo or environment property that
can represent the correct GAB level can be used. We fit
these parameters by creating mock catalogues accordingly
and matching the level of GAB for central galaxies on their
own and for the full sample.
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Figure 10. GAB levels of modified HOD mock based on δ1.25. From left to right: GAB level of the mock galaxies (blue curve) and the
SAM catalogue (black curve) for galaxy number densities 0.00316h3 Mpc−3, 0.01h3 Mpc−3, and 0.0316h3 Mpc−3. The shaded blue region
represents the uncertainty on the mock GAB measurement from 10 different shufflings. The value of fAB denotes the fraction of SAM
GAB captured by the mock galaxies on large scales. Also specified are the values of the two additional assembly bias parameters used
for each mock catalogue.
Our resulting modified HOD provides a practical way
to incorporate assembly bias into the HOD framework, and
is tunable to the GAB level of different galaxy formation
models. The practical applications are two-fold. First, it can
be utilised for producing mock catalogues which incorporate
realistic levels of GAB. These are becoming increasingly im-
portant for the predictions, testing and analysis of upcoming
large galaxy surveys. Second, our methodology can be ap-
plied directly to observational data with the aim of inferring
the level of galaxy assembly bias in the real Universe, which
we leave for future work.
Our modification of the HOD is in the same spirit of
the modelling used by Wibking et al. (2019) and Salcedo et
al. (2020) to incorporate the environment dependence, but
our model allows for an independent variation of the satel-
lites occupation, and we also explore alternative parame-
ters such as the tidal anisotropy. Such a modelling can also
be conceivably utilised in the framework of the decorated
HOD (Hearin et al. 2016). Based on our results, however, we
caution against the commonly used step-wise concentration
“decoration”, and instead advocate a linear change with the
density. Subhalo abundance matching (SHAM) is another
approach to connect galaxies and dark matter (sub)haloes
using a monotonic relation between a galaxy property and a
specified halo property, like the maximum circular velocity
or infall mass (e.g., Conroy et al. 2006; Reddick et al. 2013;
Guo et al. 2016), which by its nature includes some level of
assembly bias (Zentner et al. 2014; Chaves-Montero et al.
2016; Lehmann et al. 2017). Most recently, Contreras et al.
(2020) propose a flexible SHAM-based model for GAB, link-
ing the galaxy property to the large-scale bias of the halo.
Similar to our modified HOD model, they incorporate the
GAB with two free parameters. However, SHAM requires
the subhaloes information, which might not be available for
very large cosmological simulations with limited resolution.
In contrast, our modified HOD model can be fine-tuned to
any galaxy formation model and easily applied to larger sim-
ulations to obtain the appropriate distribution of galaxies,
matching both the correct clustering and the right level of
assembly bias.
While the simple modified HOD we propose has clear
advantages in creating mock catalogues and exploring GAB
in observational data, we note that it can not capture the
OV for all halo or environmental properties simultaneously,
since only one secondary property is used in the model. So
for example, while our model recovers the correct level of
GAB and the OV with density or tidal anisotropy, it might
not reproduce the OV with concentration. To address that
and recover the full range of dependencies involved, we are
employing machine learning techniques to infer the intricate
relations and accurately connect the galaxies to dark mat-
ter haloes (S. Kumar et al., in prep.). While assembly bias
remains a challenge for contemporary models of galaxy clus-
tering and the galaxy-halo connection, our work here already
provides considerable insight into the nature of this complex
phenomenon. It provides a practical way to produce galaxy
mock catalogues that incorporate this effect, crucial for up-
coming large surveys, and it facilitates the measurement of
assembly bias in the real universe.
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APPENDIX A: ADDITIONAL RESULTS
REGARDING THE TIDAL ANISOTROPY
In § 3.3 we present the definition of the tidal anisotropy,
and explore the galaxy assembly bias attributed to tidal
anisotropy parameters such as α0.3 and α1, as well as to
the different density measures. In § 4.1 we also show the
occupancy variation associated with α0.3,1.25 and δ1.25. The
GAB is in essence the convolution of the OV effects with
those of halo assembly bias. For completeness, we present
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Figure A1. Spatial distribution of haloes in a 100h−1 Mpc ×
100h−1 Mpc × 10h−1 Mpc slice of the Millennium simulation. The
individual haloes are colour-coded according to the value of
α0.3,1.25.
here the HAB associated with the tidal anisotropy and den-
sity measures as well as a set of the OV measurements.
We start by examining in Fig. A1 the spatial distribu-
tion of haloes with mass lower than 1012.5 h−1 M in a slice of
the simulation box colour coded by α0.3,1.25. Blue (red) dots
correspond to haloes with higher (lower) values α0.3,1.25. It
appears that haloes with the highest α0.3,1.25 values (blue)
reside in nodes, haloes with intermediate values of α0.3,1.25
(green and yellow) tend to reside in the filamentary struc-
tures, and haloes with the lowest values (orange and red)
are in the voids. This spatial distribution is consistent with
that in Paranjape et al. (2018a). There are also some sim-
ilarities to the distribution of haloes coded by density (for
example, as shown in Zehavi et al. 2018, fig. 1). Hence, we
expect regions of high α0.3,1.25 to generally also be regions of
high density, while capturing additional information about
the tidal torque.
Fig. A2 presents the halo clustering differences for
the different environment measures. We show the ratio of
cross-correlation functions for the half of the haloes with
the highest value of the environmental properties (solid
coloured curves) and the half of the haloes with the low-
est values (dashed coloured curves), relative to the auto-
correlation function of all haloes. These ratios are computed
and shown as a function of halo mass, obtained from the
ratios of the corresponding cross-correlation function and
the full auto-correlation function averaged over large scales
(10 − 25 h−1 Mpc). The environmental properties considered
are δ (cyan), α0.3 (magenta) and α1 (red). Each panel cor-
responds to a different smoothing scale as marked. We drop
the last few bins with halo mass above ∼ 1014M, where the
halo count falls below 100. While not explicitly a measure
of halo bias in this case, the relative level of HAB can be
directly inferred from the difference between the two lines,
at fixed halo mass.
Strikingly, the level of HAB for α0.3, for all smooth-
ing scales, is very significant, with larger α0.3 corresponding
to a larger bias. The level of HAB remains roughly simi-
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Figure A2. Cross-correlation functions of haloes with different environmental selections relative to that of the full sample as a function
of halo mass. The environmental properties shown here are δ (cyan), α0.3 (magenta), and α1 (red). The solid coloured curves show the
clustering ratios measured for the 50% of haloes with the highest values for these properties, and the dashed curves show the ratios
measured for the 50% of haloes with the lowest values. Each panel corresponds to a different smoothing scale, 1.25, 2.5, 5, and 10 h−1 Mpc,
going from upper left to lower right, as labelled. The black solid line in each panel indicates the clustering of the full halo sample (ratio
of unity).
lar for the smaller smoothing scales, but decreases for the
10 h−1 Mpc case, while the HAB for δ increases monotoni-
cally with the smoothing scale. We see that the HAB with
α0.3 is in fact stronger than that of δ for the two smallest
smoothing scales. For the 5 h−1 Mpc smoothing scale, the
HAB of α0.3 is slightly lower than that of δ, and is much
more so for the 10 h−1 Mpc case. The behaviour of HAB
for α1 is different. It is generally smaller than for α0.3, in
particular for small halo masses. In contrast to the other
measures in Fig. A2, the HAB for α1 continuously decreases
with smoothing scale, inverting at about the 5 h−1 Mpc scale
and continuing so. For the largest smoothing scale, the HAB
for α0.3 has in fact a larger amplitude than that of α1, but is
in the opposite sense, such that haloes with smaller α1 values
correspond to a larger bias.
It is reasonable to infer that for a smoothing scale
smaller than 1.25 h−1 Mpc Gaussian, the HAB associated
with α1 is increased and potentially larger than that of δ,
consistent with the result of Ramakrishnan et al. (2019)
that the HAB dependence on α1, with variable smoothing
of 4R200 top-hat, is more important than that on δ on that
scale. It is clear that in certain regimes, the tidal anisotropy
is associated with a very significant HAB, leading to consid-
ering it as a primary indicator of HAB. We have confirmed
that other internal halo properties like concentration (not
shown here) have a much reduced HAB in comparison, in
accordance with the findings of Ramakrishnan et al. (2019).
We caution, however, that care must be taken as the signal
is dependent on the exact definition of the tidal anisotropy
parameter and the smoothing scale utilised, as demonstrated
here.
In § 4.1, we analysed the OV with δ1.25 and α0.3,1.25, for
the n = 0.01 h3 Mpc−3 galaxy sample. In Fig. A3 we extend
that to including all four smoothing scales as well as the tidal
anisotropy variant α1,1.25. The top-left panel for δ1.25 and the
middle-left panel for α0.3,1.25 are the cases already shown in
Fig. 5. We see that for higher values of these parameters,
central galaxies start occupying lower mass haloes and the
satellites occupation also shifts slightly toward lower masses.
For α1,1.25, in contrast, we find the opposite trend (bottom-
left panel), with the lower values of the tidal anisotropy cor-
responding to a shift toward lower mass scales. The reason
for this is the anti-correlation between α1,1.25 and δ1.25, while
α0.3,1.25 and δ1.25 is positively correlated. It is this somewhat
unexpected behaviour of the OV for α1 that is likely leading
to this parameter not contributing significantly to the GAB
as explored in § 3.3, and caused us to explore alternative
definitions. For all of the three variables in Fig. A3, the OV
trends are weaker for larger smoothing scale. This is easy to
understand, since the larger smoothing scales “smear” more
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Figure A3. Halo occupation functions for the n = 0.01h3 Mpc−3 galaxy sample, showing the occupancy variations with δ (top row),
α0.3 (middle row) and α0.1 (bottom row). The different columns correspond to the four different smoothing scales, 1.25, 2.5, 5, and 10
h−1 Mpc, increasing from left to right. In each panel, the black line is the occupation of the full sample, while the red and blue lines
correspond to the subset of galaxies in the 10% of haloes with the highest and lowest values, respectively, of the secondary property. This
is the same as shown in Fig. 5 for the 1.25 h−1 Mpc smoothing, but now including all smoothing scales and α1.
the fields such that the haloes are considered to be in more
similar environments.
APPENDIX B: ADDITIONAL RESULTS
REGARDING THE MODIFIED HOD
In what follows, we explore the change in the HOD parame-
ters as a function of ranked α0.3,1.25 and δ5 and assess further
the applicability of our modified HOD model.
In § 4.2, we study the changes in the standard HOD
parameters as a function of ranked δ1.25, and find distinct
changes for some of the parameters. Here we examine the
same for α0.3,1.25 in Fig. B1 and for δ5 in Fig. B2 for the
n = 0.01 h3 Mpc−3 galaxy sample. The left-hand side of the
figures shows the measured OV with these two properties
in the SAM (red, blue and black dots, as labelled). The six
panels on the right-hand side of each figure show the val-
ues of the HOD parameters, fitted to the occupation func-
tions of 10% subsets of ranked environmental values (green
points with errorbars). The horizontal lines in all subpanels
represent the values of the HOD parameters obtained for
the full sample. We find similar dependencies of the HOD
parameters for both these environmental proxies. The cen-
trals occupation parameters show a weak dependence on the
ranked property, with logMmin having an overall slightly de-
creasing trend. The satellites mass parameters also tend to
decrease with increasing rank, resulting also in a decrease of
M1/Mmin. These changes are also similar to the parameters
variation with δ1.25 shown in Fig. 7 and 9, but with weaker
trends.
In § 5, we propose a simple 7-parameter modified HOD
model to include the OV of a secondary property, and use
δ1.25 as an example for fitting the additional GAB parame-
ters. We follow the same procedure here for fitting the two
additional assembly bias parameters, Bcen and Bsat, sepa-
rately for α0.3,1.25 and for δ5. In the process, we also create
mock galaxy samples based on these 7-parameter modified
HOD. The OV measured in the mock samples are repre-
sented by the curves shown on the left-hand side of Fig. B1
and Fig. B2. The modified HOD models selected are shown
as the green lines in the six subpanels on the right-hand side
of the figures. We see that in both these cases, the modified
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Figure B1. OV and HOD parameters of modified HOD mock sample based on α0.3,1.25. The same as Fig. 9, but for α0.3,1.25.
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Figure B2. OV and HOD parameters of modified HOD mock sample based on δ5. The same as Fig. 9 and B1 but for δ5.
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Figure B3. GAB level of modified HOD mock based on
α0.3,1.25 (left) and δ5 (right), for the galaxy number density
n = 0.01h3 Mpc−3.
HOD model is able to reasonably capture the change in the
HOD parameters and produce the same level of OVs. The
values of the assembly bias parameters are labelled in the
figures. They all have negative values in accordance with
the shift toward lower halo masses with increased value of
the environmental property. Their amplitudes are roughly
comparable for α0.3,1.25 and δ5, but somewhat smaller than
the values found for δ1.25 in accordance with their weaker
trends.
Finally, in Fig. B3, we show the GAB level of the above
mocks for α0.3,1.25 (left) and δ5 (right). In both cases, our 7-
parameter HOD model is able to reproduce the correct level
of GAB as in the SAM. We note that while the shuffling test
indicated a larger level of GAB associated with δ5 (Fig. 3),
our methodology is effectively able to “tune down” the as-
sembly bias parameters to match the target level of GAB.
This indicates that our modified model is more general and
extends beyond δ1.25 to other parameters that can represent
the full level of GAB.
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